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Abstract—We propose an original approach for characterizing
early Alzheimer, based on the analysis of online handwritten cursive loops. Unlike the literature, we model the loop velocity trajectory (full dynamics) in an unsupervised way. Through a temporal
clustering based on K-medoids, with dynamic time warping as dissimilarity measure, we uncover clusters that give new insights on
the problem. For classification, we consider a Bayesian formalism
that aggregates the contributions of the clusters, by probabilistically combining the discriminative power of each. On a dataset
consisting of two cognitive profiles, early-stage Alzheimer disease
and healthy persons, each comprising 27 persons collected at Broca
Hospital in Paris, our classification performance significantly outperforms the state-of-the-art, based on global kinematic features.
Index Terms—Alzheimer, clustering of time series, kinematic
parameters, online handwriting, probabilistic modeling.

I. INTRODUCTION
LZHEIMER disease is difficult to detect, at an early stage,
owing to its insidious onset. Memory, language, and psychomotor skills are progressively affected. To characterize, on
a graphical tablet, the handwriting (HW) of people with earlystage Alzheimer disease (ES-AD), we propose a novel approach
by modeling the full HW spatiotemporal dynamics.
Based on online HW, several works have been carried out
to characterize Parkinson [1]–[5], Alzheimer [6]–[12], emotion
[13], to quantify the effects of drug therapy [14], [15], and for
studying the effect of age on HW [16], [17].

A

A. Conventional HW-Based Alzheimer Assessment
Most works on HW analysis are based on statistical tests
[6]–[12]. Few, nonetheless, consider classification models [6],
[10], [12]. Both approaches extract from the whole HW task,
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global parameters as mean velocity [6], [9]–[12] and acceleration [12], mean pressure [6], [12], in-air-time, on-surface-time
[6], [10], [12], and task duration [9], [10].
Most statistical test based approaches (ANOVA, etc.) show
significant difference between the classes (AD for Alzheimer
disease; HC for healthy controls; MCI for mild cognitive impairment) w.r.t. mean velocity [6], [9]. Nonetheless, Yu and Chang
[11] did not find any difference between the three groups. Overall, most works claim that patients with cognitive decline have
lower velocity, lower pressure, and longer HW time.
In classification approaches, Werner et al. [6] obtained, on the
three classes, a classification rate from 62.8% to 72%, depending
on the task using an LDA with, as input, mean pressure, in-airtime, on-surface-time, in-air-time/on-surface-time ratio, mean
velocity, and mini-mental state examination (MMSE) score.
Kawa et al. [10] applied LDA to classify MCI vs. HC, based on
features selected according to the Mann–Whitney U-test, and
obtained a classification rate of 70%. Garre-Olmo et al. [12]
also used LDA taking as input a combination of features (pressure, acceleration, speed, complexity, and age) and reached a
classification rate from 63.5% to 100%.
Both categories of approaches consider global parameters
extracted from the whole HW task (e.g., mean velocity, etc.),
which is a disadvantage since the parameters’ dynamics are lost.
The statistical tests are sometimes inconclusive or even contradictory (e.g., [6] vs. [11] w.r.t. velocity). This may be explained
by the relatively poor discriminative power of the global parameters, the nonhomogeneity within the same cognitive profile
(e.g., patients with ES-AD do not necessarily show the same HW
degradation), or overfitting due to small data sets. Unlike most
statistical methods, the classification approaches [6], [10], [12]
take as input a set of parameters rather than one, each in turn.
The very small training datasets, however, induce a strong overfitting. The reported classification results are often misleading
(e.g., [6], [12]) as they are obtained on the very data the models
are trained on.
B. Our Approach
We propose a novel technique to characterize ES-AD w.r.t.
HC by analyzing the kinematics of online HW, on a task consisting of four cursive  series, written by each participant (see
Fig. 1). Instead of comparing ES-AD and HC based on global
parameters, our approach addresses the limits of the studies
mentioned above by modeling the full dynamics of these parameters. To do so, we first automatically segment the 
series into individual loops. To characterize the variability of
loops over the two classes, we define a dictionary of prototype
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C. Segmentation Into Loops and Feature Extraction

Fig. 1. Loop segmentation: (a) input loops series, (b) the Vy (n) signal,
(c) low-pass filtering by the fundamental frequency (here 1 Hz), (d) segmentation into ascending and descending strokes, and (e) extraction of the loops.

(medoid) loops by a temporal clustering scheme over the training data. The segmentation allows to increase the size of the
training data, and accordingly the reliability of the clustering;
also, individual loop-based clusters are more likely to be homogeneous than would be the clusters of entire  series. Our
clustering is based on the K-medoids algorithm, with a dynamic
time warping (DTW) dissimilarity measure that accommodates
the sequential aspect of the loops. Each cluster, consists of a set
of loops pertaining to the two classes in different proportions,
reflecting the cluster power in discriminating the two classes.
To leverage all the loops generated by a given person in the
test phase, we consider a Bayesian formalism that aggregates
the contribution of each loop to make the classification decision over the two classes (ES-AD and HC). Our experimental
results, significantly outperform the state-of-the-art. The organization of the letter is the following: Section II presents the
major phases of our approach, namely, the segmentation of the
series into loops, feature extraction, the temporal clustering of
the loops, and the classification of subjects. Section III describes
our experiments and results. Finally, in Section IV, we conclude
and give some perspectives of our work.

We segment each  series into isolated  letters, from
which we keep only the loop part for subsequent feature extraction. As each series is a periodical signal, with a period
covering an entire l letter, we harness the fast Fourier transform
(FFT) for segmentation as follows: a low-pass filter is applied
to smooth Vy (n), the vertical velocity signal of the  series,
by setting the FFT cutoff frequency to the series’ fundamental
frequency F0 . F0 is, thus, not only dependent on the writer, but
it is on his/her particular  series, and whether it is spread
out (F0 is low) or narrow (F0 is high). We then apply the inverse
Fourier transform and segment the trajectory at points n where
Vy (n) = 0. Each loop is then retrieved by merging its two consecutive ascending and descending strokes, a stroke being the
segment between two consecutive points with Vy (n) = 0 (see
Fig. 1). Setting the cutoff to the fundamental frequency allows to
segment the loops irrespective of the irregularities and tremors
in shaky HW, more reliably than manually based thresholding
techniques. The frequency varies in general between 1 and 4
Hz.
We extract, at each loop point, the velocity in the x- and ydirection. Velocity is the first derivative of position: at each point
n, the horizontal and vertical velocities Vx (n) and Vy (n) are
computed as Vx (n) = Δx(n)/Δt(n); Vy (n) = Δy(n)/Δt(n),
where Δx(n) = x(n + 1) − x(n − 1), and Δt(n) = t(n +
1) − t(n − 1) [19].
D. DTW-Based K-Medoids Clustering Approach
Each loop is represented by its pointwise velocity Vx (n) and
Vy (n) describing the pen trajectory. The dissimilarity between
two loops is computed by DTW [20], which matches sequences
of different lengths. Clustering is performed by the K-medoids
algorithm [21], which assigns each sample to its closest medoid.
A medoid is the closest loop to all the loops within the same
cluster.
E. Bayesian-Based Classification

II. PROPOSED METHOD

B. Equipment

To model the loops’ full dynamics, we discard support vector
machine-like classifiers (LDA, etc.) that take as input global
parameters like average speed, and pressure, as in the state-ofthe-art. We rely instead on the temporal clustering of loops
through K-medoids-DTW. Each resulting cluster will correspond to some writing style and will consist of loops pertaining
either to HC or to ES-AD in different proportions.
To merge the contributions of the different clusters, we consider a Bayesian formalism that takes into account the discriminative power of each. We use Bayes’ rule to compute for each
person the posterior probability to be ES-AD or HC given his/her
respective data (loops). Each person usually produces 16 loops,
which are distributed over the clusters obtained by K-medoids
on the loops’ training set. For subject si , the posterior probability of class Ck (ES-AD or HC), given his/her data Di (loops) is
computed as follows:

HW was acquired on a WACOM Intuos Pro Large tablet with
an inking pen. A paper was fixed on the tablet to allow a natural
visual feedback. The tablet records, at a sampling rate of 125
Hz, pen position {x(t), y(t)} and pressure p(t) over time, as well
as the pen’s in-air trajectory up to 2 cm off the tablet surface.

P (Ck |Di ) = P (Di |Ck ) × P (Ck ) /P (Di )
(1)

where P (Di ) = k =HC, ES−AD P (Di /Ck ) × P (Ck ) and P
(Ck ) is the a priori probability of class Ck (50% in our case).
Assuming the Ni loops of person si are class-conditionally

A. Participants
Data collection was carried out at Broca Hospital in Paris.
ES-AD patients were diagnosed based on DSM-5 criteria [18],
and included if their MMSE [18] was over 20. HC subjects
performed neuropsychological tests to ensure their cognitive
profile is normal. Participants with medical problems such as
stroke and other neurodegenerative diseases were not included.
The dataset consists of 54 participants (27 ES-AD and 27 HC),
with a mean age of 79.7 ± 6.4 and 73.2 ± 5.7, respectively.
All participants freely signed a consent form after receiving
information on the study.
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Fig. 2. Medoids characterized by their velocity trajectory, ordered by DTW,
with the smallest medoid as reference. The color scale characterizes velocity
magnitude: blue stands for low speed and red for high speed.

independent, we have
P (Di |Ck ) =

Ni


P (Bji |Ck )

(2)

j =1

where Bji is the closest cluster to the jth loop of person si . Thus
 
(3)
P (Bji /Ck ) = P (Ck /Bji ) × P Bji /P (Ck ) .
by

P (Bji ), the a priori probability of cluster Bji , can be estimated
 
P Bji = NB ji / NTotal

(4)

where NB ji is the number of loops in cluster Bji and NTotal is
the total number of loops. Likewise


P Ck /Bji = Nkj /NB ji
(5)
where Nkj is the number of loops in cluster Bji from class k (ESAD or HC). Each subject si producing data Di is then classified
by selecting the class (HC or ES-AD) with the maximum a
posteriori probability:
Ck∗ =

arg max

k =HC, ES−AD

P (Ck /Di ).

(6)

III. EXPERIMENTAL RESULTS
We perform K-medoids clustering, based on the sequential
velocity representation Vx (n),Vy (n), of all the loops from all
subjects. The total number of loops is 866, a little more than
864 (27 × 2 × 4 × 4), as two persons, produced each, one extra
loop, in one of his/her four trials. To get meaningful clusters
w.r.t. the size of data, we have tried several numbers of clusters,
by varying K between 10 and 50, and obtained similar optimal
performance for K between 30 and 50. Here, we report the results
for K = 30. The obtained medoids are displayed in Fig. 2. Note
the diversity of the 30 medoids, both in terms of shape and
dynamics. They are ordered based on their DTW distance to the
smallest medoid, taken as reference. This highlights the quality
of DTW in matching loops with different velocity dynamics
(Vx (n), Vy (n)).
Fig. 3 displays examples of clusters, two containing mostly
HC subjects [see Fig. 3(a) and (b)] and two mostly ES-AD

Fig. 3. Samples from four clusters. For each, we report its number of loops,
the number of loops for each class, and the number of points for each loop.

patients [see Fig. 3(c) and (d)]. Thanks to our K-medoids-DTW
clustering, each cluster detects a unique combination of several
HW features like the full velocity dynamics, fluidity, shakiness,
slant, and size in terms of number of points, which is correlated,
but not always, to spatial size.
The loops gathered in the cluster in Fig. 3(a) were written
at a moderate speed, with a small-to-average size and a regular
shape, while those grouped in the cluster in Fig. 3(b) were
written at a high speed, with a large size and a regular shape.
These two clusters reflect two different profiles of HC writers.
For the same reason, the two clusters displayed in the clusters
in Fig. 3(c) and (d) represent, by contrast, two different profiles
of ES-AD patients, the first with loops written at low speeds
and showing irregular shapes, and the second with loops of
moderate to high speeds and regular shapes. These findings
reveal the nonhomogeneity of both HC and ES-AD cognitive
profiles, which is not taken into account in the current state-ofthe-art.
For performance assessment, we consider the classification
rate, the percentage of correct answers using the Leave-oneperson-out procedure. Given our dataset of 54 subjects (27 HC,
27 ES-AD), we consider 54 training runs, in which each subject
is taken out in turn for validation, and the remaining 53 for training. Therefore, the validation classification rate is the average
of the 54 binary decisions on each held out subject, while the
training classification rate is the average of the 54 classification
rates obtained, each, on the 53 training subjects remaining for
each held-out person. The classification rates are shown in Table I (third column). By exploiting the full dynamics (Vx (n),
Vy (n)), we obtain a classification rate of 74% on the validation set, which represents an increase of 24% over a random
guess (ES-AD and HC represent, each, 50% of the total population), which indicates a relative improvement of about 50%. By
comparison, adopting the state-of-the-art scheme by feeding the
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TABLE I
CLASSIFICATION RATES IN % ON THE VALIDATION SET

Classification

LDA (V̄ x , V̄ y )

Bayes (V̄ x , V̄ y )

Bayes (V x (n) , V y (n))

51.9

64.0 ± 1.0

74.0 ± 3.0

1139

TABLE II
LDA-BASED CLASSIFICATION RATES IN % WITH GLOBAL
KINEMATIC FEATURES
V̄ x

Ā x

V̄ y

Ā y

J¯x
J¯y

P̄

T

Left: LDA with ( V̄ x , V̄ y ), and middle and right: Bayes classification with clustering of
( V̄ x , V̄ y ) and velocity trajectory, respectively.

average velocity (Vx , Vy ) as input to LDA, we obtain a classification rate of 51.9%, a bare improvement over a random guess.
However, as the two approaches are different in three aspects
(Bayesian scheme instead of LDA, clustering or not prior to
classification, and full velocity dynamics modeling instead of
average velocity), we run an additional experiment to disentangle the three factors mentioned above. To do this, we have
performed a clustering of the loops based on their (Vx , Vy ) values. The clustering is based on K-medoids as before, but now it
takes as input (Vx , Vy ), with a Euclidian distance as a dissimilarity measure, instead of DTW. Then we apply the Bayesian
classification as before. The results, shown in Table I (second
column), show a classification rate of 64% on (Vx , Vy ), around
12% better than the state-of-the-art based on LDA, but 10% less
than our Bayesian scheme based on the velocity full trajectories.
This can be explained in the following way:
1) The clustering characterizes a writer by the distribution
of average or trajectory velocity over the different loops
s/he produces. A sharp distribution reflects a writer’s tendency to write while maintaining the same (average or
trajectory) speed rhythm throughout the loops; a flat one
reflects, by contrast, his/her tendency to write loops with
different (average or trajectory) speeds, as the rhythm is
not maintained. This across-loops variability is an important writing style information that is overlooked by all
state-of-the-art methods, and we see that considering it
in our approach, based on average velocity only, allows a
significant increase of 12% (64.0% vs. 51.9%).
2) The actual improvement of modeling the loop’s trajectory
over the average value is 10% (74.0% vs. 64.0%). This
shows that modeling the full velocity dynamics, in an
unsupervised way, is significantly better for uncovering
HW impairments.
Therefore, the large improvement obtained by our approach
results from the combination of clustering and unsupervised trajectory modeling. It is not surprising, then, that average velocity
in [11] showed no significant difference between AD and HC,
on a similar task (3 × 8 loops).
For comparison, we assess the main classification techniques used in the literature, LDA. First, we assessed several state-of-the-art average spatiotemporal parameters, taken
each separately: average velocity (Vx , Vy ), average acceleration (Ax , Ay ), average jerk (Jx , Jy ), average pressure P̄ , and
total task time T. The results on the learning and validation
sets are reported in Table II. For benchmarking, we assessed
[6] and [12] that considered, each, different tasks. For the task
of copying a Hebrew text of 107 characters, Werner et al. [6]
selected average pressure and on-paper time as input to LDA,
and obtained a 59.6% rate of classifying the three classes HC
(41 subjects), MCI (31), and AD (22). On a dictated Spanish
sentence task, and based on average speed, acceleration, and

Training set
Test set

55.9
51.9

49.8
44.0

50.0
48.0

50.6
35.0

49.7
40.7

P̄

|V |

(V x , V y )

T

P̄

(A x , A y )

[6]

|A|

(Jx , Jy )

[12]

P̄ , T

57.7
46.0

50.4
46.3

51.6
27.8

pressure, Garre-Olmo et al. [12] obtained a 100% rate for classifying 17 HC vs. 12 MCI, and 75% for classifying 17 HC vs.
{12 MCI + 23 AD}. It is important to note that the classification
rates and the feature selection in [6] and [12] were obtained on
the training set, as no cross validation was considered. In our
experiments, we have considered the exact settings in [6] and
[12] for our loops series task, but using the Leave-one-person
out procedure. These results are reported as well in Table II.
Note that we do not report confidence intervals since LDA does
not require a random parameter initialization.
Table II confirms that all the average spatiotemporal parameters are, each, basically noise, even on the training set, except for
average velocity, which is slightly above 50% (55.9% on training and 51.9% on the validation set). It is not surprising, then,
that any combination of them is equivalent to a random choice,
with the additional burden that the increase of dimensionality
worsens accordingly the overfitting issue. As explained earlier,
our huge improvement over these approaches, obtained with velocity only, is due to two key modeling aspects, the clustering
that models the across-loops variability for each subject, and the
modeling of the full velocity trajectory (Vx (n), Vy (n)), which
characterizes in a much richer way the subject’s writing style.
IV. CONCLUSION AND PERSPECTIVES
We have proposed an original approach for characterizing
early Alzheimer, based on the analysis of online handwritten
cursive loops. We propose an unsupervised learning approach
with the aim of uncovering homogeneous subgroups from all the
population {HC + ES-AD}, some of which possibly associated
with a given cognitive profile. To model the full loops’ dynamics, we consider a K-medoids clustering of the velocity trajectories of the handwritten loops’, with a DTW, as a dissimilarity
measure, to accommodate data sequences of different lengths.
We use, for classification, a Bayesian framework to combine
probabilistically the contributions from each cluster. Based on
velocity only, we obtain, on the validation set, a classification
rate of 74%, which outperforms the main state-of-the-art classification approaches by more than 50%, even if the latter takes as
input not only velocity but other kinematic parameters as well.
This shows the power of our approach, which analyzes the full
velocity dynamics, instead of global average parameters.
We can expect that modeling the full dynamics of other spatiotemporal parameters like acceleration, jerk, pen pressure, or
position, will show good performance as well by uncovering
clusters that highlight the writing styles with other view angles.
Future work will be focused on assessing these features and
their fusion for better classification.
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